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ABSTRACT 
Even though social class is at least as predictive of educational achievement as ethnicity in virtually all developed countries, experimental research on 
discrimination in education has overwhelmingly focused on the latter. We investigate both ethnic discrimination and social class discrimination by 
elementary school teachers in Germany. We conceptualize discrimination as causal effects of signals and use directed acyclic graphs (DAGs) to 
disentangle ethnic from social class discrimination. In our experiment, we asked randomly sampled elementary school teachers who teach immigrants 
to evaluate an essay written by a fourth-grader. Employing a 2x2x3 factorial design, we varied essay quality, child's gender, and ethnic and 
socioeconomic background using names as stimuli. We do not find evidence for discrimination in grading. However, our findings for teachers’ 
expectations of children's future performance suggest a discriminatory bias along the lines of both ethnicity and social class. The effect is conditional 
on essay quality—it only holds true for the better essay. We interpret our findings as evidence for models that highlight situational moderators such as 
the richness of information and ambiguity—e.g., statistical discrimination—but as evidence against simpler models of ingroup-favoritism or outgroup 
derogation, e.g., social identity theory or taste discrimination. 
1. Introduction 
Race, ethnicity, and immigrant background are powerful predictors of educational achievement and attainment in virtually all developed countries, 
among which Germany shows comparatively large disparities between children with immigrant background—in particular those of Turkish descent—
and natives (Dustmann, Frattini, & Lanzara, 2012; Heath, Rothon, & Kilpi, 2008; Marks, 2005, a; OECD, 2016).1 
One possible cause for these disparities in education is discrimination by teachers. In the US and the UK, the issue of racial and ethnic 
discrimination in education has been debated for quite some time now. In contrast, in continental Europe, including Germany, a broader discussion 
that explicitly separates discrimination from other sources of educational inequality has just recently begun. Yet, recent literature reviews agree in 
concluding that for all these countries we know only little on the question to what extent, if at all, racial or ethnic disparities in educational 
achievement are due to discrimination and, if so, what mechanisms are at work (Diehl & Fick, 2016; Farkas, 2003; Heath et al., 2008; Kristen, 2006a; 
Mickelson, 2003). 
While it is a well established finding that socioeconomic or social class background is—again: in virtually all developed countries—an even 
stronger predictor for educational achievement and attainment than ethnicity (Breen & Jonsson, 2005; Marks, 2005b; OECD, 2016), social class 
discrimination in education has not been studied to the same extent as ethnic discrimination and, thus, we know even less about it. 
Therefore, in this article, our main research question is whether we find empirical evidence for or against both ethnic and social class discrimination 
by elementary school teachers in Germany. To address the limitations of observational studies in identifying discrimination, we turn to an 
experimental design. As a methodological contribution, we address several limitations of experimental designs that assess discrimination in education. 
Most importantly, we discuss how to and seek to define, identify, and estimate ethnic discrimination independently from social class discrimination 
using names as treatments. Additionally, we explicitly theorize discrimination in education and design our experiment in a way that enables indirect 
testing of mechanisms suggested by different theories of discrimination.  
 
⁎ Corresponding author. 
E-mail addresses: sewenz@gmail.com (S.E. Wenz), kerstin.hoenig@lifbi.de (K. Hoenig). 
1 Clearly, race, ethnicity, and immigrant background are not one and the same thing. However, throughout this article, we will use these terms interchangeably 
as our main concern with previous studies and the solution we propose applies to all three concepts in essentially the same way. 
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2. Conceptualizing discrimination 
Our definitions of ethnic discrimination and social class discrimination are built on both the substantive literature on discrimination as causal effect 
(Blalock, 1967; Blank, Dabady, & Citro, 2004; Heckman, 1998; Pager & Shepherd, 2008; Quillian, 2006) and the methodological literature on 
causality (Greiner & Rubin, 2010; Imai, Tingley, & Yamamoto, 2013; Pearl, 2001, 2009; Pearl, Glymour, & Jewell, 2016; Rubin, 1986; VanderWeele 
& Hernán, 2012; Wang & Sobel, 2013). 
We define ethnic discrimination as the total causal effect of an ethnic signal sent out by an individual on how this individual is treated by another 
individual. Analogously, social class discrimination refers to the total causal effect of a signal carrying information about social class. 
Defining discrimination as total causal effect of signals avoids two major problems: first, defining discrimination as causal effect of signals avoids 
confusing it with unconditional inequality. Characteristics such as race, ethnicity, or sex can be seen as assigned very early in life—e.g., at 
conception—and, afterwards, immutable (Greiner & Rubin, 2010; Holland, 1986; Rubin, 1986). When defined as total causal effect of such an 
immutable characteristic, it can be hard to distinguish discrimination from unconditional inequality (Greiner & Rubin, 2010; Sen & Wasow, 2016; 
VanderWeele & Hernán, 2012). Panel (a) of Fig. 1 illustrates the problem: Following the rules of the graphical theory of causality (Pearl, 2009), 
identifying the total causal effect of ethnicity at conception, 𝐸𝐶 , on a teacher-driven outcome such as a grade or track recommendation, 𝑌, by means of 
covariate adjustment, requires conditioning on confounder 𝐶𝐶 , social class at conception, but forbids conditioning on 𝑀 , a mediator such as 
performance. The resulting definiens of ethnic discrimination would be equivalent to inequality in grades or track recommendations between different 
ethnic groups conditional on social class but not conditional on possibly remaining differences in performance between these groups. This is not what 
we think of as discrimination. 
Secondly, by defining discrimination as total causal effect, we avoid direct effect conceptualizations of discrimination that are often proposed as 
solution to the first problem (e.g., Imai et al., 2013; Pearl, 2001, 2014; VanderWeele & Hernán, 2012; Wang & Sobel, 2013). In panel (a) of Fig. 1, 
𝐸𝐶 → 𝑌  would be the direct effect definition of ethnic discrimination. While they help distinguishing discrimination more clearly from inequality, the 
meaning of direct effects depends on the number and nature of all corresponding indirect effects. That is, changing 𝑀  or adding another mediator to 
the relation between 𝐸𝐶  and 𝑌, would change the definition of discrimination. This appears to us as undesirable. In contrast, the definition, estimation, 
and interpretation of total causal effects is straightforward (Gangl, 2010; Pearl, 2001). Panel (b) of Fig. 1 introduces signals of ethnicity, 𝐸𝑆, and social 
class, 𝐶𝑆, whose total effects on 𝑌 constitute ethnic and social class discrimination, respectively. 
Also, the definitions proposed here offer a treatment that is perfectly manipulable in theory and practice and, thus, allow to pose well-defined causal 
questions that can be studied using both observational and experimental designs (Greiner & Rubin, 2010; Holland, 1986; Rubin, 1986). 
3. Identifying discrimination 
According to the definitions above, identifying ethnic or social class discrimination is equivalent to identifying the total causal effect of an ethnic or 
social class signal, respectively. Identifying these effects requires assumptions about the causal paths that connect signals with the outcome of interest. 
Since we are interested in discrimination as it occurs in the population, we also need to ensure that our sample allows for causal inference. We argue 
that these points hold for both observational and experimental designs but are often ignored in experimental studies. 
3.1. Observational studies 
In observational studies, ethnic discrimination is usually—often implicitly—conceptualized as a direct effect of the form 𝐸𝐶 → 𝑌  in panel (a) of Fig. 
1. In panel (a) of Fig. 1, it is necessary to condition on 𝐶𝐶  and 𝑀  to identify the effect 𝐸𝐶 → 𝑌. Social scientists have long argued that ethnic or racial 
discrimination might at least partly be a problem of social class discrimination (e.g., Blalock, 1967; Mickelson, 2003; Myrdal, 1944). In Germany, for 
example, immigrants with Turkish background are overrepresented in the lower classes and have generally worse labor market outcomes than the 
ethnic majority (Kalter, 2008; Kogan, 2007). Therefore, in most observational studies on ethnic discrimination in education, measures of social class 
background or proxies such as parental education are controlled for in addition to measures of prior performance or achievement. 
Evidence from such studies on Germany is rather mixed: in the first study of its kind for Germany, Kristen (2006b), who does not control for social 
class, finds only weak evidence for discrimination to the disadvantage of students of Italian background (Kristen, 2006b, footnote 7) and no evidence 
for discrimination against students of Turkish background in both grades and track recommendations in a sample of six schools from the city of 
Mannheim. 
Using larger samples, others (e.g., Lüdemann & Schwerdt, 2013) find statistically significant negative ethnic residuals in grades or track 
recommendations controlling for performance and ability measures. 
 
Fig. 1. Stylized directed acyclic graphs (DAGs) visualizing the consequences of different definitions of discrimination in education, where 𝑌 is a 
teacher-driven outcome, e.g., a grade or track recommendation, and 𝑀  is a mediator, e.g., performance. Panel (a) illustrates problems of 
conceptualizing discrimination as causal effect of immutable characteristics assigned very early in life—e.g., ethnicity and social class at conception, 
𝐸𝐶  and 𝐶𝐶 , respectively. Panel (b) illustrates the solution by conceptualizing discrimination as causal effects of signals—e.g., signals of ethnicity, 𝐸𝑆, 
or social class, 𝐶𝑆. 
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However, these differences largely vanish when social class is controlled for (e.g., Becker & Beck, 2012; Gresch, 2012; Lüdemann & Schwerdt, 
2013), or even turn into positive residuals (e.g., Gresch, 2012). In other studies ethnic penalties remain even after proxies for social background (e.g., 
parental education, Kiss, 2013) are introduced. 
The evidence from observational studies with regard to social class is stronger: conditional on measures of competence, performance, or 
achievement, many studies find that teachers recommend or prefer lower tracks for students from lower class families and grade them worse than 
students of higher class background (e.g., Bos, Tarelli, Bremerich-Vos, & Schwippert, 2012; Bos, Wendt, Köller, & Selter, 2012; Ditton, 2013; 
Wendt, Bos, Köller, Schwippert, & Kasper, 2016). However, following the logic visualized in panel (a) of Fig. 1 and the underlying substantive 
literature cited above, identifying social class discrimination in the sense of 𝐶𝐶 → 𝑌  requires conditioning on 𝑀  and 𝐸𝐶 . Studies that do so—i.e., 
additionally control for ethnicity, immigrant background, or proxies such as language use at home—find that disadvantages of students from lower 
class families decrease in size but typically remain statistically significant and are larger than the disadvantages of immigrants (e.g., Becker & Beck, 
2012; Ditton, Krüsken, & Schauenberg, 2005; Gresch, 2012; Schneider, 2011). Given these findings, it is remarkable that most of these studies do not 
investigate social class discrimination explicitly (but cf. Schneider, 2011). 
The major limitation of observational studies on discrimination is that they typically provide so-called residual estimates of discrimination only 
(Oaxaca, 1973). As all other estimates from observational studies, they hinge on the strong assumption that all relevant controls have been included in 
the model and measured without error (Oaxaca, 1973; Pearl, 2009; Rubin, 1974). With regard to education, residual estimates might either over- or 
underestimate discrimination due to under- or overcontrolling of key variables, respectively (Holzer & Ludwig, 2003): undercontrolling could arise 
from imperfect measures of students’ actual performance at school. Overcontrolling and, thus, underestimation of discrimination, might happen in the 
face of biased test scores due to mechanisms such as stereotype threat (Croizet, 2008; Steele & Aronson, 1995). 
3.2. Experimental studies 
In experimental studies, ethnic discrimination is usually—again: often implicitly—conceptualized as either total effect of an ethnic signal or 
information, e.g., 𝐸𝑆 → 𝑌  in panel (b) of Fig. 1, or some kind of direct effect of an ethnic signal or information. Identification of the total causal effect, 
𝐸𝑆 → 𝑌 in panel (b) of Fig. 1, is seemingly straightforward in experiments: While different strands in the literature use different terminology, all agree 
that a key advantage of successful randomization is that it, in combination with few other assumptions, blocks all backdoor-paths from 𝐸𝑆 to 𝑌, since it 
renders 𝐸𝑆 "parentless" (Pearl et al., 2016, p. 78). Put differently, 𝐸𝑆 becomes indepedent of the potenial outcomes and, thus, exogenous (Hernán & 
Robins, 2020; Imbens, 2004; Pearl, 2009; Pearl, Glymour, & Jewell, 2016; Rubin, 1974, 1978). 
However, we argue that experimental studies on ethnic discrimination, when using names or pictures (e.g., Deming, Yuchtman, Abulafi, Goldin, & 
Katz, 2016; Jacquemet & Yannelis, 2012; Sprietsma, 2013; van Ewijk, 2011; Weichselbaumer, 2016), apply treatments that potentially carry both 
ethnic and social class signals (for this and similar arguments see Bertrand & Mullainathan, 2004; Figlio, 2005; Fryer & Levitt, 2004; Gaddis, 2015, 
2017a, 2017b). So, these studies will typically not identify ethnic discrimination according to the definition above, but confound ethnic with social 
class discrimination (cf. Bertrand & Mullainathan, 2004). 
Fig. 2 visualizes the problem: names, 𝑁, are determined by 
both 𝐸𝐶  and 𝐶𝐶  and affect both 𝐸𝑆 and 𝐶𝑆. Hence, the challenge 
for researchers setting up an experiment to study ethnic 
discrimination is to construct a name variable whose values send 
varying ethnic signals but remain constant on their social class 
signal. The popular approach of using typical ethnic minority and 
typical ethnic majority names is no solution, as a typical majority 
name usually carries a different class signal than a typical 
minority name. Thus, since social class is not held constant in the 
experimental manipulation, it is possible that any discrimination 
found in these studies is—partly or even completely—the result 
of class differences, not ethnicity. 
While vignette designs that make use of extensive descriptions 
of students (e.g., Glock, Krolak-Schwerdt, & Pit-ten Cate, 2015; 
Hanna & Linden, 2012; Schulze & Schiener, 2011) may help to 
address the problem, they have other limitations of which the 
most important is that they oftentimes create rather artificial 
settings. Due to the large amount of information on individual 
students and because teachers often have to rate several students, 
these designs make it difficult to provide a reasonable cover story 
that hides the true purpose of the study. Therefore, in principle, 
names remain an attractive stimulus in experiments on discrimination. However, to the best of our knowledge, no experimental study in the field of 
education had made a conscious effort to disentangle ethnic discrimination from social class discrimination using names as stimuli at the time our 
study was conducted. Tobisch and Dresel (2017) have since published a study with a similar design that replicates our main findings. 
A small number of experimental studies has examined the issue of discrimination by teachers in Germany. In her sample of 𝑁 = 88 teachers, 
Sprietsma (2013) finds that essays with randomly assigned Turkish names receive grades of about 0.1 standard deviation worse than essays with a 
German name on them. Also, teachers are on average 11 percentage points less likely to recommend the highest track, Gymnasium, to a student with a 
Turkish name compared to a student with a German name; no difference is found for the intermediate Realschule. To signal ethnicity, Sprietsma 
(2013) uses typical ethnic minority and ethnic majority first names; social class is thus not held constant. 
Using extensive vignettes, Schulze and Schiener (2011) find that education students at four German universities do not discriminate based on the 
language students speak at home, but do discriminate based on parental education. While Glock, Krolak-Schwerdt, Klapproth, and Böhmer (2013) 
also hold constant students’ socioeconomic background, they do not report estimates of social class discrimination. In their sample of Luxembourgian 
teachers, they do find evidence for ethnic discrimination to the disadvantage of students with a Portuguese name in track recommendations, though. 
3.3. Sampling and sample of analysis 
Unbiased causal inference about discrimination in a population of 
  
Fig. 2. Stylized directed acyclic graph (DAG) showing the problems of identifying 
ethnic discrimination, 𝐸𝑆 → 𝑌 , and social class discrimination, 𝐶𝑆 → 𝑌, using 
names, 𝑁, as treatments. A randomized assignment of names, 𝑁, blocks the 
backdoor paths through ethnic and social class at conception, 𝐸𝐶  and 𝐶𝐶 . However, 
if 𝑁 carries both ethnic and social class signals, 𝐸𝑆 and 𝐶𝑆, the backdoor paths 
𝐸𝑆 ⟵ 𝑁 → → 𝑌 and 𝐶𝑆 ⟵ 𝑁 → 𝐸𝑆 → 𝑌  remain open. 
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interest not only requires identifying discrimination in a given sample. It also depends on sampling strategy and sample of analysis (Berk, 1983; 
Elwert & Winship, 2014; Heckman, 1979; Hernán, Hernández-Díaz, & Robins, 2004). 
Regarding sampling, only few experimental studies in the field of discrimination in education rely on random samples from a clearly defined 
population (e.g., Sprietsma, 2013; van Ewijk, 2011). Many experimental studies rely on convenience samples, often drawn from populations such as 
university students in education programs or preservice teachers (e.g., Bonefeld & Dickhäuser, 2018; Glock, Krolak-Schwerdt, & Pit-ten Cate, 2015; 
Schulze & Schiener, 2011). In their sample, Glock et al. (2015) even mix teachers from one European country with preservice teachers from another. 
Such approaches reduce external validity and, thus, increase bias in estimates of population parameters. 
However, a simple random sample of teachers or schools may not be the sample of interest: for the labor market, Heckman (1998), based on Becker 
(1971), makes a usually ignored point and argues that due to self-selection of employees into non-discriminating firms, random samples of firms are 
unlikely to provide unbiased estimates of discrimination as it takes place in the market as a whole (Heckman, 1998, p. 102). This argument also 
applies to elementary education in Germany, where teachers might differ systematically in their cognitive, affective, and behavioral responses towards 
ethnic minority students depending on whether they teach them. Such a difference might be due to self-selection of teachers into schools with different 
student compositions, to a change in attitudes and beliefs as a consequence of teaching minority students, or to the self-selection of ethnic minority and 
ethnic majority parents into different schools with different teachers. We have not seen this exact point being explicitly addressed in any empirical 
study on discrimination in education, although van Ewijk (2011) makes a similar point and oversamples schools with a share of at least 25% non-
ethnic Dutch students. 
4. Explaining discrimination in education 
4.1. Opportunities for discrimination in education 
Discrimination by teachers may occur in at least three situations: day-to-day classroom interactions (e.g., by calling more on some students than 
others), the evaluation of a specific performance (e.g., grading a test or assignment), and the evaluation of a student's general potential or ability (e.g., 
decisions about ability grouping or tracking). In our experiment we take a look at the two latter types and deduce different predictions from different 
theories of discrimination depending on the situation. This enables us to provide an indirect test of the mechanisms suggested by these theories. 
4.2. The transition from elementary school to secondary school in Germany 
The transition from elementary school to secondary school in Germany provides us with a test case scenario in which both teachers’ grading and 
expectation formation matter. Even though the 16 German federal states are responsible for their education policy, key features of the education 
system that are pertinent to our experiment are similar across states. All children start elementary school around the age of six. Usually, a single 
teacher teaches the main subjects and there is no formal ability grouping or streaming. Students are tracked into different school types after four years 
of elementary school when they are on average 10 years old.2 The number and specifics of tracks differ between states, but in all states, the highest 
track is the Gymnasium, which leads to the Abitur, the highest secondary degree and entrance ticket to university. In all states, elementary school 
teachers give official recommendations suggesting the track they believe would be ideal considering the child's potential. The major determinants of 
these recommendations are grades, but teachers are, legally or factually, asked to consider the child's overall potential. 
Because tracking between different school types occurs unusually early in the German education system and because a child's track is largely 
determined by the teacher's recommendation, discrimination by elementary school teachers can have especially severe consequences for children's 
educational attainment. However, our theoretical and methodological contributions are of much broader significance, as both the grading of students’ 
performance in a non-anonymous setting and some form of tracking, streaming, or ability grouping, dependent largely on teachers’ evaluations and 
grading, takes place in virtually all education systems. Furthermore, teachers’ expectations may turn into self-fulfilling prophecies that can be 
especially harmful to students from stigmatized groups (Jussim, Eccles, & Madon, 1996; Jussim & Harber, 2005; Lorenz, Gentrup, Kristen, Stanat, & 
Kogan, 2016). 
4.3. Discrimination in grading and expectations: theories and hypotheses 
The most obvious and, as we are going to show in this section, theoretically important difference between forming expectations and grading a 
manifest performance such as a written essay is the amount and reliability of individuating information available to the teacher. While in principle an 
essay provides the teacher with all information needed to grade it, tracking or grouping decisions are based on expectations that are themselves 
necessarily based on imperfect information about the latent construct of ability or potential and—especially in situations of explicit between school 
tracking—a yet unobserved future. As we intend to provide evidence on the mechanisms governing teachers’ judgments, in this section we theorize 
discrimination in grading and expectation formation and deduce hypotheses from different theoretical perspectives. 
4.4. In-group favoritism, prejudice, and tastes 
People tend to categorize others automatically and immediately on the basis of salient category cues such as race, ethnicity, or sex, distinguishing 
between ingroups, i.e., those groups they belong to, and outgroups, i.e., those they do not belong to (Allport, 1954; Sumner, 1906). Numerous studies 
have documented that categorization is a general and basically inevitable process that is typically followed by biased perceptions, evaluations, and 
behavior in favor of ingroups and ingroup members (Fiske, 1998). 
Explanations for these observations include rational actors that simply discriminate because group preferences enter their utility function (Becker, 
1971), real or perceived conflicts about limited resources and relative social and economic positions between groups (Blumer, 1958; Campbell, 1965; 
Sherif, 1966; Sherif, Harvey, White, Hood, & Sherif, 1961), the importance of an individual's social identity in satisfying a need for self-esteem 
(Tajfel, 1982; Tajfel & Turner, 1986), and mainly cognitive processes as a consequence of categorization. We argue that all these theories predict 
ingroup favoritism—and, to a lesser extent, outgroup derogation—regardless of the amount and reliability of individuating information available. 
Given that most teachers in German elementary schools are of German ethnicity, belong—as university graduates employed in the public sector—
to the upper middle class, and evidently hold negative stereotypes and prejudices about students from lower classes and with a Turkish background 
(Glock & Klapproth, 2017; Wenz, Olczyk, & Lorenz, 2016), we deduce the following hypotheses: 
𝐻𝑦𝑝𝑜𝑡 ℎ𝑒𝑠𝑖𝑠 1𝑎 : German teachers discriminate in both essay grading and expectation formation by virtue of students’ ethnic background to the 
disadvantage of students with a name signaling a Turkish background. 
  
 
2 In two states—Berlin and Brandenburg—most children are tracked after six years at the age of 12. 
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𝐻𝑦𝑝𝑜𝑡 ℎ𝑒𝑠𝑖𝑠 1𝑏: German teachers discriminate in both essay grading and expectation formation by virtue of students’ social class background to the 
disadvantage of students with a name signaling a lower social class background. 
4.5. The role of imperfect information and ambiguity 
theoretical contributions that point to situational moderators of the link between categorization and the application of stereotypes or prejudice and, 
hence, discrimination include statistical discrimination theory (Aigner & Cain, 1977; Arrow, 1973; Phelps, 1972), the continuum model (Fiske, Lin, & 
Neuberg, 1999; Fiske & Neuberg, 1990), and the theory of aversive racism (Dovidio & Gaertner, 2008; Gaertner & Dovidio, 1986). 
Statistical discrimination (e.g., Aigner & Cain, 1977) points to imperfect knowledge as the key reason for why rational decision makers 
discriminate on the basis of observable group characteristics. Following statistical discrimination theory, teachers should be expected to construct a 
weighted average of observed individual performance and assumed group ability to estimate a student's individual ability: the lower the reliability of 
the individual information, the further the estimate is pulled towards the assumed group mean, that is, towards the teacher's stereotype. 
The continuum model (Fiske et al., 1999; Fiske & Neuberg, 1990) acknowledges available information as one of “two primary factors” in more or 
less category or stereotype driven and, hence, more or less discriminatory judgments and behavior. If the target is of minimal interest or relevance for 
the perceiver in the very moment of categorization, perceivers are motivated to allocate attention to individuating information and move down the 
continuum from category-based “affect, cognitions, and behavioral tendencies” toward a “piecemeal integration” of individual attributes (Fiske et al., 
1999, 233). Of course, this process of recategorization and, eventually, piecemeal integration may only be started if the available information is rich 
enough and the perceiver has the time and the cognitive capacity to take it into account.  
The theory of aversive racism (Dovidio & Gaertner, 2008; Gaertner & Dovidio, 1986) suggests that in modern societies, where negative prejudice 
and discrimination to the disadvantage of ethnic and social minorities is condemned by a majority of people, many people are motivated to uphold a 
positive self-image as unprejudiced non-discriminator but at the same time hold negative implicit prejudices and stereotypes about outgroups and 
outgroup members. These aversive racists are expected to discriminate only in situations that are ambiguous enough to not reveal the discriminatory 
behavior to themselves and others. 
All theories discussed in this section assume that the application of stereotypes and prejudice is dependent on the situation: as for the logic of the 
situation teachers find themselves in when grading a written essay, sufficiently motivated teachers should not show any discriminatory biases, since all 
relevant information is available (Aigner & Cain, 1977; Fiske et al., 1999) and a discriminatory bias is hard to hide (Gaertner & Dovidio, 1986). 
However, when the same teachers need to predict future development of students when recommending tracks, the available information based on an 
essay might not be perceived as perfectly reliable (Aigner & Cain, 1977), or—put differently—might not be rich, diagnostic, or clear enough (Dovidio 
& Gaertner, 2008; Fiske et al., 1999; Fiske & Neuberg, 1990; Gaertner & Dovidio, 1986). In this case, teachers should make use of beliefs about 
group means and stereotypes in general (Aigner & Cain, 1977), may have not enough information to go all the way from a category-based response to 
a piecemeal-based response (Fiske et al., 1999; Fiske & Neuberg, 1990), and may take the opportunity to hide a judgment based on stereotypes or 
prejudices behind vague information and the ambiguity of the situation (Gaertner & Dovidio, 1986). 
Based on how statistical discrimination theory, the continuum model, and the theory of aversive racism acknowledge the reliability of information 
and the ambiguity of situations as moderating factors that increase the likelihood of category based judgments, we deduce the following hypotheses: 
𝐻𝑦𝑝𝑜𝑡 ℎ𝑒𝑠𝑖𝑠 2𝑎 : German teachers do not discriminate when grading a written essay but do so when forming expectations by virtue of students’ 
ethnic background to the disadvantage of students with a name signaling a Turkish background. 
𝐻𝑦𝑝𝑜𝑡 ℎ𝑒𝑠𝑖𝑠 2𝑏: German teachers do not discriminate when grading a written essay but do so when forming expectations by virtue of students’ 
social class background to the disadvantage of students with a name signaling a lower social class background. 
4.6. Expectations regarding effect heterogeneity 
Models of statistical discrimination theory suggest that discrimination may differ along the distribution of observed performance (Aigner & Cain, 
1977; Phelps, 1972). Accordingly, if teachers engage in reliability-based statistical discrimination, it is possible that the discriminatory effect not just 
varies but even changes its direction over the range of observed performance. 
Therefore, studies that only assess discrimination at one point along the performance distribution are severely limited: without making further 
strong assumptions, they neither allow inference about the average level or direction of individual discrimination nor can they say anything about 
group discrimination—not even which group is on average suffering from it (also see Heckman, 1998; Heckman & Siegelman, 1993; Neumark, 2012, 
for this argument). Interestingly, both van Ewijk (2011) and Sprietsma (2013) use a set of essays with varying quality but do not investigate the 
corresponding interaction effect. Bonefeld and Dickhäuser (2018) report a discriminatory bias against immigrants for a subset of teachers when 
performance was poor but not average. 
While investigating them is straightforward, predicting heterogeneous effects across the competence distribution is less so. Clearest guidance in this 
regard comes from the formal models of statistical discrimination theory. They suggest that discrimination should differ along the distribution of 
observed performance if teachers attach different reliabilities to performance signals from different groups (Aigner & Cain, 1977; Phelps, 1972). 
However, deriving concrete hypotheses would require additional assumptions, since we don’t know the group-specific reliabilities teachers perceive—
i.e., the performance of which group is perceived more accurately (Glock et al., 2015; Kaiser, Südkamp, & Möller, 2016). We also don’t know where 
along the competence distribution exactly teachers see the performance presented in the experiment and how risk-averse teachers really are (cf. Maaz 
et al., 2008). 
With regard to the other two theories that highlight situational moderators such as the richness of information and ambiguity, it might certainly be 
the case that essays of different quality relate to these mechanisms: the continuum model (Fiske et al., 1999; Fiske & Neuberg, 1990) proposes that 
category-based affect, cognition, and behavioral responses are the default mode of human cognition. Only if the initial categorization of a person does 
not seem to fit the data, a recategorization process is started that potentially leads all the way down to a piecemeal integration of the available data and, 
thus, to an individuating response. It could be, for example, that the better of two essays is so good that the teacher finds it difficult to achieve a fit to 
the stereotype of a student with Turkish background and, instead of a category-based response, looks very carefully for individuating information and 
behaves accordingly. At the same time, the teacher might achieve a good fit for this essay and the stereotype of a German student from an upper 
middle class family. This might result in similar predictions for these students and no discrimination on the basis of ethnic signals that could 
disadvantage the Turkish student. If at the same time, the bad essay's nature is such that it allows the teacher to proceed with a category-based 
response in both cases—because the essay is rather 
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average, not very good, not very bad—there should be discrimination on the basis of the ethnic signal and corresponding stereotypes. Of course, this 
example also works the other way around—with a very bad and an average essay. In either case, the resulting pattern of this scenario would be an 
interaction effect of discriminatory responses with essay quality. 
Similarly, relying on mechanisms from aversive racism theory we might also predict such an interaction effect. If performance is clearly very good 
or very bad, aversive racists will not apply stereotypes and prejudices in their judgments and behavior. 
5. Research design and data collection 
We conducted an online experiment in the spring of 2010 to identify and estimate discrimination in the grading of a specific assignment and in 
track recommendations. Our test subjects were elementary school teachers from the German federal state of Baden-Wuerttemberg who taught German 
at the time of data collection. We employed a 2 × 2 × 3 factorial design, in which we varied essay quality, child's gender, and child's social class and 
ethnic background between essays and teachers. Gender and background were varied by random assignment of names to the essays. Teachers graded 
one essay only to reduce respondent burden and the likelihood of them guessing the true purpose of the study. Afterwards, teachers were asked to 
answer a short questionnaire. Documentation of all material used in the study can be found in the online supplementary material at 
https://osf.io/43exq/. 
5.1. Sampling and contact 
Our main goal in sampling was to ensure a high external validity of our findings. To this end, we drew a random sample of 720 schools from a list 
of all elementary schools in the state of Baden-Wuerttemberg and contacted them via e-mail. The recipient—in most cases probably the school's 
secretary—was asked to forward the e-mail to all teachers at the school who taught German at that time.3 As an incentive to participate, we had a 
lottery of three gift certificates for an online book store worth 20 Euros each, as well as the option to receive information about results. 237 teachers 
participated in the survey.4 Teachers were told that the goal of the study was to find differences in teachers’ evaluations due to different teacher 
characteristics and experiences. 
5.2. Essays 
Each teacher was presented with one of two essays of different quality. Essays were obtained from a fourth-grade class from Baden-Wuerttemberg. 
They were about 200 words long and were based on the assignment to write a story around a given title. The two essays for our experiment were 
chosen based on results of a pretest in the neighboring state of Bavaria. 27 teachers from randomly sampled Bavarian elementary schools were asked 
to grade six essays and guess the gender of the author without receiving any information about the author except for age and grade level. Based on the 
results of the pretest, we selected two essays that were of different quality and comparatively gender-neutral. 
5.3. Children's names 
To identify and estimate ethnic and class discrimination, we chose one male and one female name each that signal a German upper middle class 
(Jakob, Sophie), German lower class (Justin, Jacqueline), or Turkish background (Ayse, Murat), respectively. We made sure that the German names 
we selected are about equally prevalent in the relevant birth cohort and that none of the names are linked to a certain geographical region in Germany.5 
Although there are apparently typical upper and lower class Turkish names, we have reason to believe that German teachers are simply not familiar 
enough with Turkish culture to recognize the difference. Therefore, we cannot vary class background independently of migration background by name 
manipulation. Instead, we assume that a Turkish name indicates a class background that is comparable to that of German lower class names. 
Accordingly, differences between German lower class and Turkish names are interpreted as evidence of ethnic discrimination in the following 
discussion, whereas differences between the two German name groups are interpreted as class discrimination. The alternative would be a design based 
on comprehensive vignettes that explicitly include child background characteristics. We decided against the use of vignettes because these create a 
more artificial setting in which teachers are more likely to ask themselves why the researcher provided them with this information. In contrast, names 
make for a much more subliminal stimulus. 
The names underwent a manipulation check using a separate sample of elementary school teachers (N = 75), who were asked to guess the migration 
and class background (upper, middle, or lower class) of each name. As intended, the vast majority of teachers indicates that Murat (69%) and Ayse 
(70%) have a Turkish background, whereas Jakob (94%), Sophie (97%), Justin (99%), and Jacqueline (92%) are virtually unanimously identified as 
German.6 Remarkably, a sizable minority identifies Murat (23%) and Ayse (24%) as German. 
Regarding social class, Sophie and Jakob are believed to come from families with an upper class (Sophie: 53%, Jakob: 59%) or middle class 
(Sophie: 40%, Jakob: 36%) background. As expected, for Jacqueline and Justin the pattern is reversed: these names are perceived predominantly as 
names held by children with a lower social class background (Jacqueline: 71%, Justin: 67%). However, a sizable minority of teachers categorizes them 
as middle class (Jacqueline: 21%, Justin: 25%) or even upper class (both 8%). The Turkish names are also perceived as being most likely to be names 
from students with a lower social class background (Ayse: 52%, Murat: 53%), followed by middle class (Ayse: 39%, Murat: 36%) and upper class 
(Ayse: 9%, Murat: 11%). Yet, fewer teachers report to perceive Ayse and Murat as lower class than Jacqueline and Justin. 
Overall, teachers tend to perceive the selected names as we had intended. However, we identified potential problems7 : if a sizable minority of 
participating teachers really perceive students with Turkish names as ethnically German, and students with lower class names as having a middle class 
background, our estimates of both ethnic discrimination and social class discrimination would be downwardly biased. Also, the estimate of ethnic 
discrimination would be downwardly biased if teachers perceived students with Turkish names as having a higher social class background than 
students with ethnic majority lower class names. 
To better understand how severe these potential problems really are for our estimates and how they compare to other studies, consider this: first, our 
estimates are biased if and only if the numbers above deviate from the perception teachers in the population have. So, if in the population, for instance, 
the same sizable minority of teachers perceives students with a Turkish immigrant background not as having a Turkish 
  
 
3 Since we do not know how many teachers eventually received our invitation, we cannot calculate a precise response rate. 
4 Due to restrictions by the state's Ministry of Education, which had to approve our study, we were not allowed to ask teachers the name of their school in the 
questionnaire. This unfortunately means that we are unable to account for clustering of teachers by schools in our analysis. 
5 The German names were selected from a list compiled by Kube (2009). 
6 Although Justin and Jacqueline are not traditional German names, foreign names are popular among German families with a lower socioeconomic background. 
Evidently, the teachers in our sample recognize this fact. 
7 Thanks also to one of the reviewers, who suggested a closer look at these numbers than we took in the initial submission. 
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background but as ethnic majority German, then the numbers above do not indicate bias in our estimates. However, we do not know this number. 
Secondly, our numbers are similar to those reported for the perception of names of Blacks and Whites in the US: Gaddis (2017a) finds congruent 
perceptions of 87.3% for first names held by Whites and 75.0% for first names held by Blacks. That doesn’t mean that our numbers are fine, but that 
in other countries and cultures, similar rates and differences are found. 
Thirdly, and maybe most importantly, a closer look at the data reveals that the deviations on all three dimensions—ethnicity signal of Turkish 
names, class signal of lower class names, and class signal of Turkish names—are highly correlated. It is virtually the same group of teachers who 
deviates on all three items, except for the additional some 20% that declare to perceive the Turkish names as middle or upper class. The behavior of 
this group of teachers could well be a manifestation of social desirability bias instead of a real difference in perception. Admittedly, we do not know 
whether the deviations are due to socially desirable behavior by some teachers. We also don’t know whether this social desirability bias, should it 
indeed be the explanation of the pattern we find, may also influence teachers’ behavior in the field and, thus, not bias our estimates of discrimination. 
5.4. Questionnaire 
Teachers had to answer each item of the online questionnaire and could not go back once they had left a page. This was done to prevent teachers 
from skipping back and changing their evaluation of the child's performance as a reaction to items in the following questionnaire. At the beginning of 
the survey, teachers were presented with the essay, information about the specifics of the assignment, and the information that it was written by a ten 
year old fourth grader with a particular name. They were then asked to evaluate the child's performance with the following items: 
1. “Which grade would you give [name of child] for this essay?” Teachers could assign German grades from 1 (best) to 6 (worst), including plus and 
minus signs to differentiate further between full grades, so that the full scale had 15 categories. 
2. “How likely is it that [name of child] can keep up in German lessons at the Gymnasium with this performance?”, rated on a scale of 1 to 5. 
The essay was visible for each of these items. Afterwards, teachers answered a few questions about their teaching experience, the ethnic and social 
composition of their class, and their own social and ethnic background. On average, teachers took 12 min to complete the survey. 
6. Analytic strategy 
6.1. Essay grading 
In order to assess discrimination in grading we model the grade as given by the teacher with two different models of which the following is the 
simpler one: 
𝑌𝑖 = 𝛼 + 𝑄 𝑖𝛽1 + 𝐹𝑖𝛽2 + 𝑇𝑖𝛽3 + 𝑈𝑖𝛽4 + 𝑪𝑖𝜸 + 𝜀𝑖 (1) 
where 𝑌 is the grade assigned to essay 𝑖,  𝑄  captures the quality of the essay (good = 1), 𝐹 identifies the gender of the name attached to the essay 
(female = 1), 𝑇 distinguishes between Turkish and German names (Turkish = 1), and 𝑈 stands for the social class associated with a German name 
(upper middle class = 1). 𝑄 , 𝐹, 𝑇, and 𝑈 are dummy variables, 𝑪 is a vector of controls. 𝜀 is an error term with the usual properties in an OLS scenario. 
To assess the sensitivity of the standard errors, we also estimated models featuring heteroskedasticity-robust standard errors. This did not change the 
significance levels of any of the parameters. 
The second model features interactions testing whether name effects depend on the quality of the essay and looks as follows 
𝑌𝑖 = 𝛼 + 𝑄 𝑖𝛽1 + 𝐹𝑖𝛽2 + 𝑇𝑖𝛽3 + 𝑈𝑖𝛽4 + (𝑄 𝑖𝑇𝑖)𝛽5 + (𝑄 𝑖𝑈𝑖)𝛽6 + 𝑪𝑖𝜸 + 𝜀𝑖 (2) 
Now, 𝛽1 captures the difference between bad and good essay among German lower class names, 𝛽2 still captures overall gender differences, 𝛽3 
estimates the difference between Turkish and German lower class names when the essay is bad, and 𝛽4 the one between German lower class and upper 
middle class names for the bad essay. Finally, 𝛽5 and 𝛽6 estimate whether the effects estimated by 𝛽3 and 𝛽4 are any different when the essay quality is 
good instead. 
The participating teachers graded the essays according to a usual 15 point German grading scale, 𝑌 = {1, 1 − , … , 5 −  ,6}, turned into a scale 
ranging from 0 (worst grade, German 6) to 14 (best grade, German 1), 𝑌 = {0, 1, … , 13, 14}. Empirically, teachers assigned grades from 2 (German 5) 
to 12 (German 2+). For an easier and substantively more meaningful interpretation of our regression estimates, we standardized the grades and, thus, 𝑌 
has a mean of 0 and a standard deviation (SD) of 1 in both the restricted and the full sample. 
6.2. Teachers’ expectations 
German elementary school teachers’ expectations about the future development of students’ abilities and skills are crucial for students’ success in 
the education system. Since the Gymnasium is the highest track available in all federal states, we focus on teachers’ estimation of the likelihood that 
the child can keep up in German lessons at the Gymnasium. 
Discrimination in expectations is assessed by modeling the probability of having a teacher assigning a particular likelihood of success. This ordinal 
variable originally has five categories with endpoints labeled “very unlikely” (1) and “very likely” (5), respectively. We model this ordinal dependent 
variable using an ordinal logit model (OLM) (Long, 1997).8 
For both essays, teachers are hesitant to assign high likelihoods of success (see Table 1). In part, this is probably due to the average to low grades 
teachers gave the essays—as expected, grades and expectations are correlated (r = 0.51, p < 0.001). On the other hand, teachers have admittedly little 
information about the child's true ability after only one short essay, and German elementary school teachers tend to be risk averse when making track 
recommendations (Maaz et al., 2008). Thus, we should expect them to be cautious in their estimation of children's potential. To address its skewed 
distribution, we recoded 𝑌. It now has three categories (J = 3), and is linked to the measurement model of the OLM as follows: 
𝑌𝑖 = {
1 ⇒ 1("very unlikely")                     
2 ⇒ 2                                                      
3 ⇒ 3, 4, 5("very likely")                  
 
if𝜏0 = −∞ ≤ 𝑌𝑖
∗ < 𝜏1 
if𝜏1 ≤ 𝑌𝑖
∗ < 𝜏2 
if𝜏2 ≤ 𝑌𝑖
∗ < 𝜏3 = ∞ 
(3) 
where 𝜏1 through 𝜏𝐽−1 are cutpoints estimated in the OLM (Long, 1997). 
Model specifications for teachers' expectations and the underlying latent variable in the OLM, 𝑌𝑖∗, are the same as those for grades (see Eq. (1) and 
Eq. (2)). 
For both model specifications, we test the parallel regression assumption, using the Wald test suggested by Brant (1990). Results suggest that the 
assumption holds for both models. 
To foster interpretation of the results from this non-linear model and to address problems of group comparisons (Allison, 1999; Karlson, Holm, & 
Breen, 2012; Mood, 2010), we calculate and plot the probabilities of falling into the different categories of the dependent  
 
8 We also ran all models as linear regressions using the original Likert scale, as well as logistic regressions using a dichotomized variable combining categories 1 
and 2 versus 3 to 5. Substantively, this does not alter our conclusions as discussed below. 
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Table 1 
Teachers’ expectations, dependent on essay quality. 
Likelihood of keeping up 
at the Gymnasium 
Essay quality Total 
Good Bad No. Col % Cum % 
No. Col % No. Col %    
1 (very unlikely) 22 19.5 58 46.8 80 33.8 33.8 
2 32 28.3 40 32.3 72 30.4 64.1 
3 42 37.2 21 16.9 63 26.6 90.7 
4 17 15.0 3 2.4 20 8.4 99.2 
5 (very likely) 0 0.0 2 1.6 2 0.8 100.0 
Total 113 100.0 124 100.0 237 100.0  
variable. Group differences are calculated as average marginal effects (AMEs) on the probability for a specific change in one of the independent 
variables averaging over all observations. 
6.3. Sample of analysis 
To increase external validity and arrive at a more accurate estimation of discrimination in the actual school context, we follow the convincing 
arguments in Heckman (1998, p. 102) and estimate all models using both the full and a restricted sample. We focus on the restricted sample that only 
includes teachers who report to have students with an immigrant background in their classes and, thus, have the opportunity to discriminate against 
them. Results for the full sample can be found in the appendix. 
29 teachers did not report having students with an immigrant background in their class. We lose nine further cases because we control for 
background variables, of which some have missing data. The variables we control are the teacher's gender, immigrant background, and teaching 




The essay that was pretested as “good” received rather average grades, with a mean of 7.22 (SD = 1.97) on the original 14-point scale – 
corresponding to a “satisfactory” grade according to German grading conventions. However, it is significantly better than the bad essay that has a 
mean of 5.55, just above a passing grade (SD = 1.88; t = 6.68, p < 0.001). Table 2 shows basic summary statistics for each of the six names by essay 
quality on the original scale. Although there is some variation, no clear patterns are visible. 
This impression is supported by the regressions we ran using standardized grades, as can be seen in Table 3. Excepting the coefficient for essay 
quality, 𝛽1, no coefficient turns out significant on conventional levels. The same holds for the linear combinations that allow to test whether grades 
differ between groups for the good essay. The results for the interaction effects with essay quality also show that there are no group differences in 
returns to the good essay compared with the bad essay. Thus, we find no evidence of ethnic or social class discrimination in essay grading and reject 
hypotheses 1𝑎  and 1𝑏. 
 
7.2. Expectations 
In contrast to the results for grades, estimates of ethnic discrimination and social class discrimination in teachers’ expectations show effects in the 
hypothesized directions and lower p-values (see Table 4). However, in the simpler model 2.1, two of the three contrasts between group estimates fail 
to reach conventional levels of statistical significance. Averaging over essay quality, children whose name indicates a Turkish background are 
perceived to be less likely to succeed at the Gymnasium than children with a German lower class background (𝛽3 = −0.42, p = 0.205; AME: −0.08, p 
= 0.205).10 The difference between children whose names indicate German upper middle class vs. German lower class turns out to be of similar size 
(𝛽4 = 0.52, p = 0.139; AME: 0.11, p = 0.134). Only the contrast between Turkish names and German upper middle class names reaches conventional 
levels of statistical significance and is larger in size than the two preceding contrasts (𝛽3 − 𝛽4 = −0.94, p = 0.006; AME: −0.20, p = 0.004). In sum, 
this simple model only shows significant group differences when ethnic and social class signals are combined, that is, when ethnic discrimination and 
social class discrimination add up. 
The interaction effects between essay quality and child's background (Table 4, model 2.2) show that group differences depend on essay quality. If 
the essay is bad, there is no significant difference in  
 
9 We also ran all models with the full sample and without controls for teacher characteristics, with similar results and substantively unaltered conclusions. See the 
supplementary material at https://osf.io/43exq/ for the results. 
10 Average Marginal Effects (AMEs) for the probability of being judged to be successful at the highest track (𝑌𝑖 = 3). See the supplementary files at 
https://osf.io/43exq/ for all AMEs of all outcomes. 
Table 3 
Regression of essay grades on randomized variables (shown) and controls (not 
shown). 
  Model 1.1 Model 1.2 
Essay quality: good 𝛽1 0.80** (0.13) 0.78** (0.23) 
Gender: female 𝛽2 0.18 (0.13) 0.19 (0.13) 
Name: Turkish 𝛽3 −0.12 (0.16) −0.17 (0.23) 
Name: German 
upper class 
𝛽4 −0.07 (0.16) −0.04 (0.24) 
Turkish × good 
quality 
𝛽5   0.12 (0.32) 
Upper × good 
quality 
𝛽6   −0.07 (0.33) 
Observations  199  199  
R2  0.211  0.213  
Standard errors in parentheses. 
†p < 0.10. 
*p < 0.05. 
** p < 0.01. 
Model contains controls for teacher characteristics. 
Table 2 
Summary statistics of grades by child's name and essay quality. 
 N Mean SD Median Min Max 
Good essay      
Jakob 18 6.72 1.87 7 3 10 
Sophie 16 7.56 2.16 8 4 10 
Justin 21 7.43 1.94 7 4 11 
Jaqueline 21 6.90 1.61 6 5 12 
Murat 19 6.95 2.46 8 2 11 
Ayse 18 7.83 1.76 8 5 12 
Total 113 7.22 1.97 7 2 12 
Bad essay      
Jakob 24 5.71 2.14 6 2 11 
Sophie 22 5.45 2.06 6 2 10 
Justin 12 4.83 1.40 5 2 7 
Jaqueline 18 6.11 1.68 6 3 9 
Murat 19 5.16 1.89 5 2 9 
Ayse 29 5.69 1.81 5 3 9 
Total 124 5.55 1.88 6 2 11 
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Table 4 
Ordinal logistic regression of teachers' expectations on randomized variables (shown) and controls (not shown). 
  Model 2.1  Model 2.2 
Essay quality: good 𝛽1 1.17** (0.28)  1.27** (0.49) 
Gender: female 𝛽2 0.03 (0.28)  −0.02 (0.28) 
Name: Turkish 𝛽3 −0.42 (0.33)  −0.04 (0.48) 
Name: German upper class 𝛽4 0.52 (0.35)  0.31 (0.48) 
Turkish × good quality 𝛽5    −0.79 (0.66) 
Upper × good quality 𝛽6    0.76 (0.74) 
𝜏1  −0.35 (0.48)  −0.33 (0.53) 
𝜏2  1.05* (0.48)  1.10* (0.54) 
Observations  199   199  
Log Likelihood  −203.46   −201.02  
Standard errors in parentheses. 
†p < 0.10. 
* p < 0.05. 
** p < 0.01. 
Model contains controls for teacher characteristics. 
estimated expectations for either contrast between the three groups (𝛽3 = −0.04, 𝑝 = 0.933;  AME: − 0.007, 𝑝 = 0.933; 𝛽4 = 0.31, 𝑝 = 0.514;  AME: 0.06,
𝑝 = 0.508;  𝛽3 − 𝛽4 = −0.35, 𝑝 = 0.412;  𝐴𝑀𝐸 : − 0.06, 𝑝 = 0.412). 
However, when the essay is better, group differences in teachers’ expectations are larger and the corresponding p-values are smaller: Turkish children have 
lower odds than German children of comparable social class background (𝛽3 + 𝛽5 = −0.83, 𝑝 = 0.067; AME: −0.19, 𝑝 = 0.059) to be trusted to succeed at the 
Gymnasium, and German lower class children in turn have lower odds than German upper middle class children ( 𝛽4 + 𝛽6 = 1.07, 𝑝 = 0.059; AME: 0.24, 𝑝 =
0.042). Consequently, the difference between Turkish children and German upper middle class children is highest ((𝛽3 + 𝛽5) − (𝛽4 + 𝛽6) = −1.90, 𝑝 = 0.001; 
AME: −0.43, 𝑝 < 0.001). 
Thus, we find no evidence for discrimination for the bad essay, but we do find evidence for discrimination on the basis of social class, as evidenced by the 
contrast between German upper and lower class names, and ethnicity, captured by the contrast between Turkish and German lower class names for the better 
essay. These results suggest that hypotheses 2𝑎  and 2𝑏 hold only conditional on essay quality. 
Another interesting result is that in this model, essay quality is a significant predictor of teachers’ expectations towards both groups of German children (lower 
class: 𝛽1 = 1.27, 𝑝 = 0.009; AME: 0.28, 𝑝 = 0.005; upper middle class: 𝛽1 + 𝛽6 = 2.03, 𝑝 < 0.000; AME: . 46, 𝑝 < 0.000), but not Turkish children (𝛽1 +
𝛽5 = 0.48, 𝑝 = 0.286; AME: 0.09, 𝑝 < 0.291), for whom returns are significantly lower than for upper middle class children (𝛽5 − 𝛽6 = −1.55, 𝑝 = 0.032). 
The difference in returns for Turkish children and lower class children, captured by 𝛽5, is not significant on conventional levels. 
To get a more vivid impression of the effect sizes, we visualize the key results of model 2.2 in Fig. 3. The left panel shows predicted probabilities for falling 
into the category with the highest likelihood of success at the Gymnasium as assigned by the teachers for the three groups of students whose contrasts define 
social class discrimination and ethnic discrimination. The right panel shows differences in the corresponding probabilities for the three contrasts. 
8. Discussion and conclusion 
Even though in most countries social class is a better and more robust predictor of educational achievement than ethnicity or race, research on discrimination 
in education has mainly focused on the latter. We explicitly assess discrimination through teachers by virtue of both a student's ethnic and social class 
background. 
Our major contribution is that, in the present study, we discuss and address the confounding of ethnic discrimination and social class discrimination in 
experimental designs using names as treatments. In observational studies on ethnic discrimination it is good practice to include some measure of social class. 
However, experimental research on ethnic discrimination often disregards social class as key confounder and simply compares outcomes of stimuli signaling 
ethnic minority and ethnic majority. We formalize and address this problem: using DAGs, we show that the common practice of using names to send varying 
ethnic signals will, under certain conditions, lead to biased estimates of ethnic discrimination in the sense of a causal effect of an ethnic signal. To disentangle 
ethnic discrimination from social class discrimination, we compare outcomes for names that signal different ethnicity but not different social class background. 
We further contribute to the literature by discussing and addressing other common shortcomings of experiments on discrimination in education: we rely on a 
state-wide random sample of schools, focus on teachers who actually teach immigrants, and take into account potential effect heterogeneity across the 
distribution of observed performance. This is achieved by an experiment featuring a 2 × 2 × 3 factorial design, varying essay quality, gender, and social and 
ethnic class background. Examining discrimination in both grades and track recommendations also allows to indirectly test different theories of discrimination. 
In contrast to Sprietsma (2013), whose design is similar to that of the present study, we do not find evidence for ethnic or social class discrimination in 
grading. However, the results for teachers' expectations are more complex: a simple model that averages over essays of different quality does not provide direct 
evidence for either ethnic or social class discrimination. When we contrast names that vary on both ethnic and social class signals, differences are larger and 
statistically significant on conventional levels. This suggests that social class plays a role in discrimination against Turkish students; ignoring that names may 
confound ethnic and social class signals would have led to an upwardly biased estimate of ethnic discrimination. 
A model featuring interaction effects of essay quality and student background reveals that there is indeed discrimination on the basis of both social class and 
ethnicity but only for the better of two essays (cf. Bonefeld & Dickhäuser, 2018). This can be interpreted as evidence for differential returns to essay quality: 
returns are lowest and not statistically significant for Turkish students, higher for German lower class students, and highest for German upper middle class 
students. This finding also shows that it is critical at which point in the ability distribution discrimination is assessed. 
Taken together, the results provide evidence against simpler models of ingroup-favoritism or outgroup derogation, such as social identity theory (Tajfel, 1982; 
Tajfel & Turner, 1986) or Becker (1971)'s model of taste discrimination. 
Other theories receive more support: a statistical discrimination model with group-specific reliabilities (Aigner & Cain, 1977)—lowest reliability for Turkish 
students, followed by German lower middle class, and upper middle class students—is in line with the observed interaction with essay quality. Such a model may 
also feature teachers that are risk-averse (Maaz et al., 2008) and hold negatively biased stereotypes about Turkish students and those from lower social class 
families (Wenz et al., 2016). 
The findings also appear to be in line with the mechanism proposed by the continuum model (Fiske et al., 1999; Fiske & Neuberg, 1990). The better essay that 
turned out to be rather average might have been not bad enough to move teachers from a category-based response based on stereotypes to a piecemeal-integration 
of individuating information in case of upper middle class students. Conversely, it might have not  
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Fig. 3. Left panel: Predicted probabilities for a high likelihood of success at the Gymnasium, dependent on name and essay quality. Right panel: 
Average marginal effects in probabilities for each of the three contrasts, dependent on essay quality—lower class vs. Turkish (LC – T; + 0.01 and + 
0.19), upper class vs. Turkish (UC – T; + 0.06 and + 0.43), upper class vs. lower class (UC – LC; + 0.06 and + 0.24), with 95% confidence bars. 
Calculations are based on model 2.2 in Table 4. 
 
been good enough to foster the same process for the Turkish students and they, too, were treated according to the teachers’ stereotypes. However, 
since the bad essay turned out to be really bad, teachers might have turned from a category-based judgment to a more individuating judgment in case 
of upper middle class students and, thus, have graded them as bad as Turkish and lower class students. 
Similarly, based on aversive racism theory we could also explain the observed pattern: in case of the supposedly good but really rather average 
essay, teachers might have taken advantage of the ambiguity of the situation and treated students according to their stereotypes and prejudices. 
One possibility to distinguish between different theoretical mechanisms might be to assess discrimination additionally for an excellent essay. While 
models of statistical discrimination that rely on group-specific reliabilities would predict an even larger gap between students from different social and 
ethnic groups, applying the mechanisms from the continuum model or aversive racism theory probably leads to the opposite prediction of less 
discrimination on the basis of these factors.  
Sociologists study ethnic and social class discrimination not only because it is considered unfair or unjust by many, but also as a mechanism of 
ethnic and social stratification. Such a perspective requires an understanding of the conditions under which discrimination as an individual-level causal 
effect aggregates to group discrimination and, thus, inequality. While simple models of statistical discrimination cannot explain inequality between 
groups, models that receive the most support by our findings—models that feature group-specific reliabilities, risk-averse teachers, and biased 
stereotypes (Aigner & Cain, 1977; England & Lewin, 1989)—can. From the less formalized continuum model and aversive racism theory it is less 
clear to make such a prediction, but should teachers follow the mechanisms suggested by these theories it would be difficult to explain how the 
individual level causal effects should disappear on the group level. 
The experiment presented in this chapter was designed to address various shortcomings and desiderata of previous experimental research in 
education. But, of course, it has itself several limitations that should be addressed in future research. We discuss them in the remainder. 
While we did undertake several steps to increase the external validity of our findings, it might be improved further by making the experimental 
situation more realistic. The essay grading task should resemble quite closely real-life situations of grading a manifest performance in German 
elementary schools. However, estimating the likelihood of success at different secondary school tracks and making corresponding recommendations 
requires more individuating and diagnostic information that teachers typically have in real life—even though this information is still incomplete. Thus, 
providing more diagnostic information about the fictitious student under evaluation seems necessary to come closer to an unbiased estimate of 
discrimination in track recommendations. Our experiment was certainly closer to a lab experiment than to a field experiment in this regard. 
N = 237 teachers in the whole sample and N = 199 in the analysis sample did not provide enough statistical power for investigating fully interacted 
models for the 2 × 2 × 3 factorial design. On the backdrop of gender inequalities in education among immigrants (Fleischmann et al., 2014) and 
teachers’ differential attitudes towards boys and girls with immigrant background (Glock & Klapproth, 2017), interaction effects of ethnic and social 
class background with gender should be examined. 
Furthermore, fully disentangling ethnic from social class discrimination would require including a signal for Turkish upper class background. Only 
if both ethnicity and social class vary independently of one another can we estimate all main effects and interaction effects. The experimental design in 
the present paper allows identifying ethnic discrimination only among students from lower class families, while social class discrimination is 
identified for German students without immigrant background only. Using names—as a rather subliminal stimulus—to signal an upper class 
background of Turkish immigrants in Germany might prove very difficult, though, because teachers—and other relevant decision makers and gate 
keepers—cannot distinguish between lower class and upper class names of Turkish immigrants. 
We have theorized about discrimination in track recommendations more generally and argued that expectations determine not only track 
recommendations but also many other important decisions in education such as ability grouping within tracks and may turn into self-fulfilling 
prophecies. However, since we have not explicitly asked teachers which track they would recommend based on the observed performance, we can 
only hypothesize about potential differences to our findings for expectations of future performance. 
Discrimination in an outcome explicitly asking for track recommendations would have probably been higher, since variables such as parental 
support and involvement should play an even more important role than for the more narrow question on future performance in one subject. If anything, 
the more narrow question should reduce the effect of students’ social and ethnic background and render our estimate of discrimination conservative. 
However, this remains speculative unless empirically addressed. 
Also, the question we asked and examined does not ask about actual behavior or behavioral intention. It could be the result of either stereotyping or, 
in case of aversive racism, maybe applied prejudice. Here, too, the question which track the teacher would recommend, would have been a very 
interesting outcome to look at. 
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Most importantly, even if we had asked the participating teachers to recommend a secondary school track, our study's design dictated that, in their 
decision, teachers had to rely on one essay only. However, in the real world, teachers know much more about a single student and, thus, should have to 
rely less on their stereotypes in their estimation of the probability of success at the different tracks. 
Looking at two different outcomes in education, we were able to provide indirect evidence about theoretical mechanisms of discrimination in 
education. For a more direct test of different theories of discrimination and their proposed mechanisms, direct measures of, for example, stereotypes 
and prejudices would be needed. 
Despite these limitations, in conclusion, we think that our study provides evidence for ethnic and social discrimination by elementary school 
teachers when it comes to estimating students’ future potential. It shows that it is possible to build on experimental research on discrimination in 
education to provide methodologically sounder and theoretically more enlightening empirical insights into an important mechanism of ethnic and 
social stratification. 
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Appendix A. Tables for the full and restricted sample 
Table A.1 
Regression of essay grades on essay quality, child's gender and child's background: comparison of full and restricted sample. 
 Restricted sample Full sample 
 Model 1.1 Model 1.2 Model 1.1 Model 1.2 
Essay quality: good 0.80** (0.13) 0.78** (0.23) 0.85** (0.12) 0.85** (0.22) 
Gender: female 0.18 (0.13) 0.19 (0.13) 0.20 (0.12) 0.20 (0.12) 
Name: German upper middle class − 0.07 (0.16) − 0.04 (0.24) 0.01 (0.15) 0.05 (0.22) 
Name: Turkish − 0.12 (0.16) − 0.17 (0.23) − 0.07 (0.15) − 0.11 (0.22) 
Teaching experience in years − 0.02** (0.01) − 0.02** (0.01) − 0.02** (0.01) − 0.02** (0.01) 
Gender teacher: male 0.39* (0.20) 0.38† (0.20) 0.51** (0.18) 0.51** (0.18) 
Parental education: CASMIN 2 − 0.10 (0.16) − 0.10 (0.16) − 0.19 (0.15) − 0.18 (0.15) 
Parental education: CASMIN 3 0.03 (0.17) 0.04 (0.17) 0.01 (0.16) 0.00 (0.16) 
Teacher has migration background − 0.11 (0.25) − 0.12 (0.25) − 0.21 (0.23) − 0.21 (0.23) 
Upper × good quality   − 0.07 (0.33)   − 0.09 (0.30) 
Turkish × good quality   0.12 (0.32)   0.11 (0.30) 
Constant − 0.16 (0.23) − 0.15 (0.25) − 0.20 (0.21) − 0.19 (0.23) 
Observations 199  199  223  223  
R2 0.211  0.213  0.238  0.240  
Standard errors in parentheses. 
† p < 0.10. 
* p < 0.05. 
** p < 0.01. 




Ordinal logistic regression of expectations on essay quality, child's gender and child's background: comparison of full and restricted sample. 
 Restricted sample Full sample 
 Model 2.1 Model 2.2 Model 2.1 Model 2.2 
Essay quality: good 1.17** (0.28) 1.27** (0.49) 1.37** (0.27) 1.37** (0.47) 
Gender: female 0.03 (0.28) − 0.02 (0.28) 0.02 (0.26) − 0.01 (0.27) 
Name: German upper middle class 0.52 (0.35) 0.31 (0.48) 0.64† (0.33) 0.36 (0.46) 
Name: Turkish − 0.42 (0.33) − 0.04 (0.48) − 0.33 (0.32) − 0.06 (0.45) 
Teaching experience in years − 0.02 (0.01) − 0.02 (0.01) − 0.01 (0.01) − 0.01 (0.01) 
Gender teacher: male − 0.06 (0.40) − 0.01 (0.40) 0.09 (0.38) 0.10 (0.38) 
Parental education: CASMIN 2 − 0.10 (0.33) − 0.16 (0.34) 0.02 (0.31) − 0.01 (0.31) 
Parental education: CASMIN 3 0.34 (0.35) 0.34 (0.35) 0.49 (0.34) 0.52 (0.34) 
Teacher has migration background 0.72 (0.55) 0.80 (0.55) 0.62 (0.52) 0.65 (0.52) 
Upper × good quality   0.76 (0.74)   0.86 (0.69) 
(continued on next page) 
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Table A.2 (continued) 
 Restricted sample Full sample 
 Model 2.1 Model 2.2 Model 2.1 Model 2.2 
Turkish × good quality   − 0.79 (0.66)   − 0.60 (0.63) 
𝜏1 − 0.35 (0.48) − 0.33 (0.53) − 0.07 (0.44) − 0.06 (0.50) 
𝜏2 1.05* (0.48) 1.10* (0.54) 1.40** (0.46) 1.41** (0.51) 
Observations 199  199  223  223  
Log likelihood − 203.46  − 201.02  − 224.43  − 221.97  
Standard errors in parentheses. 
† p < 0.10. 
* p < 0.05. 
** p < 0.01. 
Restricted sample includes only teachers who teach migrants. 
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